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Abstract: The FRANC project (Forecasting Rainfall exploiting new data Assimilation techniques and
Novel observations of Convection) has researched improvements in numerical weather prediction of
convective rainfall via the reduction of initial condition uncertainty. This article provides an overview
of the project’s achievements. We highlight new radar techniques: correcting for attenuation of the
radar return; correction for beams that are over 90% blocked by trees or towers close to the radar;
and direct assimilation of radar reflectivity and refractivity. We discuss the treatment of uncertainty
in data assimilation: new methods for estimation of observation uncertainties with novel applications
to Doppler radar winds, Atmospheric Motion Vectors, and satellite radiances; a new algorithm for
implementation of spatially-correlated observation error statistics in operational data assimilation;
and innovative treatment of moist processes in the background error covariance model. We present
results indicating a link between the spatial predictability of convection and convective regimes,
with potential to allow improved forecast interpretation. The research was carried out as a partnership
between University researchers and the Met Office (UK). We discuss the benefits of this approach
and the impact of our research, which has helped to improve operational forecasts for convective
rainfall events.
Atmosphere 2019, 10, 125; doi:10.3390/atmos10030125 www.mdpi.com/journal/atmosphere
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1. Introduction
Brief periods of intense rainfall can lead to flooding with the potential to cause damage to property
and to threaten lives. Climate projections (e.g., [1]) indicate future intensification of short-duration rain
in summer, with significantly more surface-water and flash flood events. Hence there is an increased
need for timely flood warnings. Even flood warnings issued a few hours before an event can allow
preparations to be made to minimize damage. To improve the prediction of these events, more accurate
forecasts of convective rainfall are needed, and these can then be used to inform flood guidance and
warning systems (e.g., [2]). In this article, we summarize the highlights of a collaboration between UK
University and Met Office scientists that aimed to improve intense convective rainfall predictions.
Flood forecasting in the UK is delivered at both a national and a local level, with these services
complementing each other to support consistent flood guidance and flood warning. At the national
level, the joint Met Office/Environment Agency Flood Forecasting Centre (and its Scottish equivalent,
the Scottish Flood Forecasting Service) delivers 5-day forecasts of flood risk to emergency responders
to support them in planning for and mitigating against flooding [3,4]. A distributed (gridded)
hydrological model generates river flow forecasts on a 1 km2 grid across the UK, forced by a time-series
of rainfall for each grid-box. The rainfall time-series is generated from a synthesis of rain-gauge,
weather radar and numerical weather prediction (NWP) data. The use of NWP is critical in allowing
the lead time of forecasts to be extended beyond a few hours.
Over the last decade, increases in computer power have allowed operational use of
convection-permitting NWP models, such as the Met Office UK variable resolution (UKV) configuration
of the Unified Model [5,6]. Although convection-permitting models produce realistic precipitation
features, errors grow rapidly (especially at small scales) [7,8] and hence initial condition errors are
a key source of uncertainty. To reduce these errors, and provide detail on appropriate scales, the
assimilation of observations that have high frequency both in space and time has become increasingly
important [9–13]. The FRANC (Forecasting Rainfall exploiting new data Assimilation techniques and
Novel observations of Convection) project involves fundamental research to improve forecasts of
severe weather by exploring new techniques to extract the maximum amount of information from
observations of winds, temperature, precipitation and moist processes. The FRANC project has been
funded by the UK Natural Environment Research Council (NERC) Flooding from Intense Rainfall
(FFIR) programme. This programme has the objective of reducing the risks of damage and loss of life
by surface water and flash floods through improved identification, characterisation and prediction
of interacting meteorological, hydrological and hydro-morphological processes that contribute to
flooding associated with high intensity rainfall events. FRANC forms the first work-package of
the programme and has been carried out as a close collaboration between UK University and Met
Office researchers, using Met Office software and operational systems alongside research facilities.
The second work-package SINATRA (Susceptibility of catchments to INTense RAinfall and flooding)
has the aim of advancing scientific understanding of the hydrological processes determining the
probability, incidence, and impacts of FFIR. An ongoing, third work-package, TENDERLY (Towards
END-to End flood forecasting and a tool for ReaL-time catchment susceptibilitY), is bringing the
work in FRANC and SINATRA together to assess the benefits and feasibility of end-to-end flood
forecasting (from clouds to catchment to impacts). The programme began in 2013 and will end in
2019. Some of the research from FRANC became operational in the Met Office system during this time
period. The outputs arising from the project have been cited in the text with an asterisk (*) in order to
help distinguish them from the other work referred to here.
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The purpose of this paper is to bring together the key new research findings from the FRANC
project, and discuss how they are being used to further develop the UK operational national flood
guidance system. A brief overview of the components of the current operational system is given in
Section 2. The new research has involved improvements in weather radar observations of precipitation
and humidity (Section 3); novel techniques to assimilate these radar observations (Section 4); improved
techniques for accounting for observation and forecast uncertainty in data assimilation (Section 5);
and an improvement in our understanding of convective predictability (Section 6). In Section 7 we
discuss the impact of these research results on the operational system, and explain how our partnership
working (between Universities and the operational provider) has contributed to faster development
and uptake of ideas. In Section 8 we conclude and give recommendations for future research.
2. Operational Hydrometeorological Forecasting in the UK
In this section we give a brief overview of the operational national flood guidance system.
The schematic shown in Figure 1 indicates the main elements of the system. We describe some of these
components briefly here. Further information is available in the articles [3,4].
Figure 1. Schematic for the UK flood forecasting chain. Weather radar and raingauge data have been
highlighted in green as specific subsets of atmospheric observations, as they are analysed for use in
numerical weather prediction (arrow from blue atmospheric observations box) as well as used directly
in nowcasting products (arrows from green ellipses).
Weather radar The operational weather radar network used by the UK consists of 15 dual polarisation
and Doppler weather radars owned and operated by the Met Office, 1 dual polarisation and
Doppler weather radar operated by Jersey Met, and two single polarisation radars operated by
Met Éireann. An additional non-operational dual polarisation and Doppler radar, with the same
specification as the rest of the network, is available to the Met Office at Wardon Hill, for research
and development purposes. All 19 radars operate at C-band. More details of the system
are described by [14]*. Radar observations are used in several ways in the flood forecasting
chain. They are assimilated into the UKV (convection-permitting NWP model configuration)
alongside a wide range of other observation types. Radar-derived rain-rate products are also
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used for extrapolation-based nowcasting (e.g., in the Short Term Ensemble Prediction System
(STEPS) [15,16], which blends the extrapolation with NWP), and as a component of the input to
the G2G (Grid-to-Grid hydrological model).
Data assimilation Initial conditions for convection-permitting NWP are provided from an incremental
variational assimilation scheme [17] that is a limited-area version of the Met Office variational
data assimilation scheme [18]. The scheme was upgraded in July 2017 from a 3-hourly cycling
3D system to an hourly-cycling 4D system, where a simplified linear version of the NWP
model and its adjoint are iterated. The hourly-cycling 4D-Var scheme allows improved usage
of the observations and more frequent forecast updates and hence improved forecasts [11].
The assimilation uses an adaptive mesh that allows the accurate representation of boundary
layer structures [19,20]. Observations that are routinely assimilated include Doppler radar winds;
wind profilers; satellite radiances from Meteosat Second Generation (MSG) SEVIRI (Spinning
Enhanced Visible and InfraRed Imager), MHS (Microwave Humidity Sounder), IASI (Infrared
Atmospheric Sounding Interferometer), CrIS (Cross-track Infrared Sounder), AIRS (Atmospheric
Infrared Sounder) and ATMS (Advanced Technology Microwave Sounder); atmospheric motion
vectors (AMVs) derived from MSG cloud and humidity tracking; scatterometer winds; aircraft
temperature and winds (AMDAR); surface temperature, relative humidity, wind pressure and
visibility; radiosonde temperature and wind; Global Navigation Satellite System (GNSS) zenith
total delay; cloud parameters from 1D-Var analysis of SEVIRI data (GeoCloud) [21]. In addition,
in the current system, latent heat nudging of radar-derived rain-rates is carried out [22], but work
is ongoing to develop direct assimilation of radar reflectivity (see Section 4). More details of the
system are described by [11,23].
Weather forecast models The deterministic NWP modelling system used is the Met Office UKV,
the variable-resolution configuration of the nonhydrostatic Unified Model [6], that allows an
explicit representation of convective processes as described by [5]. The UKV has a 1.5 km fixed
horizontal grid-spacing in its interior surrounded by a variable-resolution grid that increases
smoothly in size to 4 km. There are 70 vertical levels up to a height of approximately 40 km.
The variable-resolution grid allows for a larger domain and for the downscaled boundary
conditions, taken from the global model, to spin up without an abrupt change in resolution
before reaching the fixed interior grid. Forecast length varies depending on the start time:
the longest, 120 h forecast is produced twice daily (from 03 and 15Z analyses).
Numerical weather prediction ensemble The Met Office Global and Regional Ensemble Prediction
System (MOGREPS) provides an ensemble of short-range NWP forecasts. The MOGREPS-UK
ensemble [24] consists of a control plus 11 perturbed ensemble members each running with
an interior 2.2 km horizontal grid-spacing and the same 70 vertical levels as the UKV model
configuration. The control member is initialized from the UKV analysis interpolated onto the
2.2 km grid. For the other 11 members, perturbations from the corresponding global ensemble
(MOGREPS-G) member are added to the interpolated UKV control analysis. Lateral boundary
conditions are provided from the corresponding global ensemble member. In March 2016,
a random parameters stochastic physics scheme was implemented. This perturbs selected
parameters across the ensemble members in order to represent uncertainties in key physical
processes and their contributions to uncertainties in the forecasts [25]. MOGREPS-UK forecasts
for 54 h from analysis times at 03, 09, 15 and 21Z.
Hydrological model The Grid-to-Grid (G2G) model [26] is a distributed hydrological model, driven by
inputs of gridded rainfall. The rainfall inputs are an optimal combination of rain-gauge, radar and
NWP, with the blend dependent on lead-time [3]. (The skill of NWP-based nowcasting is assessed
as a function of lead-time by [27]). The G2G model uses a simple runoff production scheme to
generate surface and sub-surface runoff, controlled by the soil characteristics of each 1 km× 1 km
grid cell, and these are defined from spatial data sets covering soil/geology and land cover
properties. Further information about the system is given by [3,4].
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3. Weather Radar Observations
The UK weather radar network has recently undergone a major upgrade including the installation
of dual polarisation capabilities, whereby pulses are transmitted with horizontal or vertical polarisation
and the reflectivity and phase of the returns in the two polarisations is recorded at each radar gate.
The dual polarisation technology upgrade to the radars was developed in-house by Met Office staff,
which allowed for access and control over the hardware and signal processing and enabled some of
the novel developments in the FRANC project [28]*.
3.1. Removal of Non-Meteorological Effects
One of the key benefits of dual polarisation radars is their ability to provide information on the
type of targets being observed. A quality control scheme that makes use of the polarisation diversity
information to identify and reject non-hydrometeor echoes such as insects, ground clutter, aircrafts,
ships and radio interference [14]* was developed in the FRANC project and has been implemented
operationally since September 2014, while a hydrometeor classification scheme to identify rain, snow,
hail, etc., is under development. The removal of non-meteorological echoes or clutter is essential for
the use of radar data in hydrological models and NWP, where even a single pixel with a low intensity
of persistent contamination by ground clutter echoes can result in significant rainfall accumulations
over time.
The new dual polarisation classification scheme takes a probabilistic, Naive Bayes classifier
approach, similar to that described in [29]. This scheme has resulted in a composite with fewer
spurious echoes. The sensitivity of the radars to light rainfall has also increased by about 2–5% [28]*.
Partial blocking of the radar beam occurs due to objects (usually related to orography) obscuring
the signal. The FRANC project led to the development of a scheme to use nearby radar returns from
higher elevation radar scans to correct the low elevation scans at longer ranges [30]*. This correction
should allow a dynamic correction (needed to account for seasonal changes as well as newly created
blocks) for this obscuration and allow robust larger corrections than currently possible, enabling use of
more representative radar data for rainfall estimation.
3.2. Radar Reflectivity Attenuation Correction
Hourly rainfall totals derived from radar reflectivity appeared to have an average fractional error
of about 60% when compared with rain gauges [31–33], and, on occasion, errors were even larger.
A major contribution to these errors, especially when there is heavy rain, is the attenuation of the
radar return by both the falling rainfall and by a film of water on the radome protecting the radar.
A new method, based on the idea that all attenuators are emitters has been used to estimate and correct
for attenuation.
In the initial study (using the old UK radar network), it was found that attenuation by a wet
radome was very significant, with half the signal being lost at rainrates of 3–5 mm/h [34]. However,
after the radar network upgrade, the attenuation due to the wet radome is significantly less due to a
hydrophobic coating on the radome. As such, at this time no correction for wet radome attenuation is
made, but a system has been developed in the FRANC project to monitor the radomes for degradation
with time, and this has been operational since September 2015 [28]*.
Attenuation due to distant storms is particularly important in intense rainfall, when floods are
most likely. We have developed a three-parameter approach to correcting for the attenuation due to a
distant storm.
• The current single polarisation attenuation correction scheme, known as the Hitschfeld and
Borden approach (H&B) [35], uses the measured reflectivity to estimate the attenuation due
to storms. As the attenuation correction is a cumulative value which is added to subsequent
range gates before the correction for those gates is calculated, it is unstable and can grow to
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unrealistically high values if the reflectivity measurement is incorrectly calibrated or contaminated
by non-rain returns.
• The dual polarisation upgrade allows the measurement of the differential phase shift, which is
related to the attenuation [36], but the calibration constant can vary by a factor of 2 depending on
the drop size distribution [37].
• The Met Office weather radars are thought to be unique in that they have an additional means of
measuring the total attenuation along a given path by making use of the radiometric emissions
from attenuating storms. This provides a valuable additional constraint on the attenuation [38]*.
We now have three independent measurements of the total attenuation along a given ray. We can
use the consistency between these measurements to get a better estimate of the true attenuation along
the path [39]*. This includes recalibrating the estimate based on differential phase shift, detecting
contamination and calibration issues with H&B, and detecting when the radiometric measurement has
been contaminated by interference. This has been operational since November 2016 [28]*.
3.3. Radar Refractivity Observations
Near-surface moisture is one of the most fundamental variables for forecasting convective
initiation. A small variation in boundary layer moisture can easily have an impact on the initiation of
convective-scale precipitation [40]. Often thought of as a proxy for surface humidity, the refractivity, N
is a convenient measure of the refractive index, n, of the air, (where n = 1 + 106N), and varies with
fluctuations in surface temperature and humidity. A high resolution refractivity field can be retrieved
from weather radar measurements [41]. The technique exploits the change in phase between two
returns with a time separation of ∆t from a stationary ground clutter target. For the UK (C-band) radar
network, a unit change in refractivity (∆N = 1) at 20 ◦C, is approximately equivalent to a 1% change
in relative humidity [42–44].
The UK operational rain radar network has been upgraded to enable refractivity measurement
for use in short-term NWP forecasts of convection and precipitation. The quality of the retrieval
depends on the accuracy of the phase shift measurement. Thus, observations can be contaminated by
millimeter-scale target motion. Initial studies with operational data demonstrated a need to change
the radar scanning strategy (in order to include a lower elevation, short pulse scan) and to improve
target selection, in order to obtain better quality observations. For target selection, a quality index has
been developed that takes account of the coherence of the refractivity signal, and enables removal
of measurements from moving targets. Results comparing the radar refractivity measurements with
an equivalent value computed from the closest surface station are illustrated in Figure 2. The quality
index selection significantly decreases the radar errors relative to the surface stations. The next steps
are to carry out real-time monitoring of the radar data and compare with surface observations and
model equivalent refractivity, and to develop appropriate assimilation software.
Figure 2. Cont.
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Figure 2. Co-located surface observations (grey) and radar observations of hourly change in refractivity,
∆N, as a function of time. The radar observations plotted are the spatially closest valid radar estimate of
∆N to the location of the surface observation for each hourly time window. The top panel (a) illustrates
radar fields (red) with basic quality control whereas the bottom panel (b) illustrates radar fields with
an additional quality index (signal coherence based) selection of targets.
4. Weather Radar Data Assimilation
Weather radar is a crucial observation type for convection-permitting NWP, since it provides
information on key variables at high spatio-temporal resolution in the boundary layer. Doppler radar
winds have been directly assimilated into the Met Office UKV operational system for some time [23].
In this section we describe our new developments in radar reflectivity assimilation, which build on the
observational work described in Section 3.
There are three main approaches that have been tested for the assimilation of radar reflectivity data:
Diabatic initialization, variational methods, and the Ensemble Kalman Filter. Diabatic initialization
methods account for diabatic effects either by adjusting the latent heat release in model columns,
by assuming saturation in cloud regions, or a combination of both approaches. The Met Office
operational UKV uses the latent heat nudging method [22] to assimilate a radar derived surface
rainrate product. Variational methods include indirect retrievals, where a 1D-Var scheme is used to
retrieve humidity and temperature profiles from radar reflectivity observations [45,46], and direct
methods, where radar reflectivity is forward modelled during the full 3- or 4D-minimization [47,48].
Ensemble Kalman filter methods are reviewed by [10,49].
The Met Office has been developing a scheme for the direct assimilation in 4D-Var of radar
reflectivity observations into the UKV model. The direct assimilation scheme is based on [50]*.
This has involved the development of an observation operator which forward models the NWP
model variable rain mixing ratio to the observation, radar reflectivity. The highly non-linear nature
of precipitation means that linearisation errors grow rapidly in the linear model, and the upgrade
from three-hourly to hourly cycling has made direct assimilation of reflectivity observations in 4D-Var
feasible for the first time in the UKV. To avoid large differences between the model and observation
which would result from point-to-point comparisons, the differences are spatially averaged to create
super-observations and Poisson thinning is used to reduce the effect of correlated observation errors,
as is done operationally with Doppler winds [23].
Assimilating reflectivity observations directly in the variational scheme together with all the other
observations means that the information from all observations can be used together synergistically to
improve the representation of all model fields. Figure 3 demonstrates this for a case study of radar
reflectivity assimilation from a three-week trial in June 2014. In this case, the radar reflectivity-
rainrate relation,
Z = 181R7/4.67,
was used in the observation operator, where R is the model rainrate in mm h−1 interpolated to
the observation location, and Z is the radar reflectivity in mm6 m−3. The radar imagery shows a
band of precipitation across the north-east coast of Ireland (indicated by black oval). The control
forecast, a standard UKV configuration which includes latent heat nudging, has precipitation in the
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area, but does not have a structured band. Directly assimilating radar reflectivity observations in the
variational scheme leads to horizontal wind increments that enhance a convergence line. The forecast
run from this assimilation experiment correctly forecasts the advection of this precipitation band
north-eastwards towards Scotland over a period of four hours.
(a) (b)
(c)
(d)
Figure 3. Case study of direct radar reflectivity assimilation in the UKV for model runs at 1200 UTC,
8 June 2014. The surface rainrate is plotted at 1400 UTC (T+2) for the radar surface rainrate product (a),
the control forecast including latent heat nudging (b) and experimental forecast with direct reflectivity
assimilation (d). The horizontal u wind increment on model level 6 is valid at 1130 UTC (c). The features
in these figures are discussed in Section 4.
The Met Office is continuing development of the reflectivity assimilation scheme for the UKV.
All the improvements to the radar data quality described in Section 3 will feed into the observation
data used by the reflectivity assimilation scheme. To maximise the benefit of the direct assimilation
scheme, the correlated observation error diagnostics described in Section 5 will be used to investigate
radar reflectivity observations.
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5. Uncertainty in Data Assimilation
Data assimilation provides methods for combining observations with prior knowledge of the
atmosphere to obtain an estimate of the current state of the atmosphere, suitable for use in initializing
a forecast. The weight assigned to each contribution is determined by the magnitude of its associated
error statistics; hence the correct specification of uncertainty is crucial to the accuracy of forecasts.
In this section we consider our new developments in the treatment of observation and forecast
uncertainty in data assimilation for convection-permitting NWP.
5.1. Observation Uncertainty in Data Assimilation
The efficient assimilation of high-resolution observations is becoming increasingly important in
operational convection-permitting NWP. Each atmospheric observation has an associated observation
error, which is a combination of instrument error and representation error [51]*. The sources
of representation error include uncertainty in the observation operator (the mapping between
model variables and a model-equivalent observation), mismatch between the scales resolved by
the observation and the scales resolved by the model and issues in observation preprocessing and
quality control. It is generally assumed that instrument errors are uncorrelated. However, the error of
representation is generally correlated and state dependent [52]. Nevertheless, for most observation
types in most operational systems, it is currently assumed that the observation errors are uncorrelated.
The observation density is reduced to avoid violating this assumption. Taking into account the full,
potentially correlated, error statistics will allow the quantity of observations used to be increased and
improves NWP forecast skill.
During the FRANC project we have used the diagnostic of [53] to estimate observation error
statistics for several observation types that are assimilated into the UKV model configuration [54–56]*.
The diagnostic makes use of statistical averages of observation-model departures that are routinely
generated during the assimilation cycle; hence it is a cheap and simple method for characterizing
observation error statistics. Despite its simplicity the diagnostic suffers from a number of limitations.
Work during the project has shown how diagnostic results can be interpreted [57]* and how the
diagnostic must be modified if used with local ensemble assimilation [58]*. The diagnostic tools
developed are now used by Met Office scientists to help understand the sources of observation error,
and to determine observation selection and other assimilation parameters. For example, [54]* showed
that for Doppler radar winds, the diagnosed observation error standard deviations are similar to
those used operationally and grow with an increase in observation height. However, the estimated
horizontal observation error correlation length scales (approximately 15–40 km) are significantly longer
than the operational thinning distance (6 km). The correlation lengths are dependent on the distance
of the observation away from the radar as well as the height of the observation. Further tests showed
that the long correlations are in part a result of using superobservations and a simplified observation
operator. We found similar results in a study of the assimilation of Doppler radar winds into the
Deutsche Wetterdienst (DWD) convection-permitting system [59]*.
Better use of the high-resolution observations should be accomplished by the inclusion of
correlated error statistics in the assimilation, as this allows for less thinning of the data. However,
taking account of spatial correlations in a operational system does require a new supercomputing
parallelization strategy to avoid excessive communications between processors. Initial forecast trials in
the Met Office system with new software developed as part of the FRANC collaboration are described
by [60]*. They demonstrate no significant difference in wall-clock time for the assimilation, despite a
fourfold increase in the number of Doppler radar wind observations assimilated each cycle. These
preliminary experiments show that there is a neutral to positive impact on forecast skill, particularly
for quantitative precipitation forecasts. There is further potential to improve the forecast skill by tuning
the assimilation parameters and applying the technique to other observation types.
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5.2. Forecast Uncertainty in Data Assimilation
In data assimilation, prior information is provided by a background field, which usually comes
from a recent forecast. The background error covariance matrix expresses our prior understanding
about the uncertainties in the forecast. In data assimilation systems used to initialize large-scale models,
the background error covariance matrix has been exploited to help keep the analyzed mass and wind in
a state of near geostrophic and hydrostatic balance by imposing correlations between the relevant mass
and wind fields. However, the assumptions typically used for global data assimilation are sometimes
less valid for convective-scale flow where the errors are highly flow-dependent, inhomogeneous,
and non-linear. The initialization of many more water variables (cloud water, cloud ice, and the various
precipitation hydrometeors) also becomes important. In this context, the way that the background error
covariance is formulated can have a profound influence on forecast precipitation amounts, patterns,
and timings.
For the purposes of this article we restrict ourselves to a limited consideration of moisture
errors. It is not uncommon for convective-scale forecasts to show spin-up and spin-down problems.
The spin-up problem describes a delay in convective-initiation in models, or a period of adjustment
to the scale of convective features, due to inappropriate initial conditions computed using an
inappropriate forecast error covariance matrix, or when a convective-scale forecast is initialized
from a lower-resolution model [12,61]. The spin-down problem on the other hand describes excess
activity at the start of a forecast, especially in precipitation [62]. Excess precipitation may be a problem
that can be tackled with an improved background error covariance matrix, to permit only states that
have a degree of balance between moisture and other fields (e.g., by discouraging supersaturation,
where relative humidity > 100%). This issue requires consideration of non-Gaussian background
errors. This is a departure from usual assimilation schemes, which treat background errors as Gaussian.
The FRANC project has explored the treatment of non-Gaussian moisture errors using the
technique of Gaussian anamorphosis (GA) [63]. GA is a framework for transforming an error variable
with an arbitrary probability density to a new variable with a Gaussian density. An analysis variable
with a Gaussian density is a more suitable variable for data assimilation, as this leads to a quadratic
objective function for minimization.
In the example illustrated here, we transform the non-Gaussian relative humidity error variable,
δRH, to a new, Gaussian variable, δχ, with zero mean and unit variance. Figure 4 illustrates
this with a case that is very close to saturation (the true relative humidity is 99%) and where the
background relative humidity has a non-Gaussian density (further details of the experiments are given
in the caption).
The panels show histograms associated with doing single observation Monte-Carlo experiments
for (a) conventional data assimilation when the background is assumed to be Gaussian (even though
it is not), and (b) when the GA method is used. In each Monte-Carlo sample, the background
forecast is sampled from the negatively skewed non-Gaussian distribution. The observation is
sampled from a Gaussian distribution with mean value equal to the true relative humidity (99 %)
and variance 1. The resulting analysis histograms are then computed. The background distribution
does not support significant supersaturation (only 2% of background members are supersaturated).
However, synthetic observations of supersaturation are allowed to simulate an assimilation system that
anomalously encourages supersaturated states (e.g., by an incorrect interpretation of remotely sensed
data, a background feature misalignment, a too-cold background, or where anomalous background
error correlations push the system to supersaturation).
The method that assumes that the background distribution is Gaussian (Figure 4a) yields around
6% of the analysis samples as supersaturated. The method that uses GA (Figure 4b) takes account of
the skewed background error distribution and yields fewer (1.3%) analysis samples as supersaturated.
Analysing too many supersaturated cases will contribute to the spin-down problem discussed before,
so these results suggest that there are potential benefits to improving the treatment of non-Gaussianity
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in operational data assimilation by GA. The practicalities of the GA approach for an operational system
are discussed by [63].
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Figure 4. Histograms of Monte-Carlo repeats of data assimilation experiments to analyse relative
humidity (RH). Panel (a) does not account for background non-Gaussianity, but panel (b) does.
Experiments are for a single point in an atmospheric domain when underlying conditions are moist
(true relative humidity, RHt = 99%). In all experiments the background forecasts are sampled from the
non-Gaussian distributions (blue histograms) and the observations are sampled from the Gaussian
distributions (red). All histograms comprise bins shown only for the observations to indicate the
bin size. The histograms of analyses are shown as dashed green. In (a) the non-Gaussianity of the
background distribution is ignored in the data assimilation where instead a Gaussian with the same
variance as the actual distribution is used. In (b) non-Gaussianity is accounted for with Gaussian
anamorphosis, where each background sample is considered to lie at the mode of the background’s
error distribution. Note that the analysis histogram is not expected to have the same shape as that found
from the product of the background and observation histograms, but we do find that the standard
deviation of each analysis histogram is less than those of the background and observations.
5.3. Linear Models of Convection
In 4D-Var, a nonlinear least-squares problem is solved iteratively via a sequence of linearized
problems. A linear dynamical model is used to evolve trajectories through the data assimilation time
window. Sharp transitions between the regime of moist thermodynamics inside a cloud and dry
thermodynamics outside a cloud can cause problems with minimizing the data assimilation objective
function [64]. In FRANC we tackled the problem of deriving linear models of non-precipitating
convection from cloud physics. The objective of this work was to expand on existing linear cloud
models by implementing a smooth transition of buoyancy frequency across the cloud boundary.
With the new model, we identified a critical relationship between growth rate and buoyancy frequency
necessary for cloud solutions to form. Further details are given by [65]*.
6. Convective Predictability
Previously in this article, we have discussed improvements to radar-retrieval algorithms and
convective-scale data assimilation. However, it is important to recognize that the sensitivity of a rainfall
forecast to the initial state of the model will depend upon the meterological situation. In particular,
the impact from better assimilation of better-quality observations into an NWP system will depend
upon the inherent predictability of the convection itself.
The predictability of a selection of convective cases has been examined in the FRANC project by
constructing ensembles of perturbed convection-permitting forecasts [66]*. The ensemble members are
formed by perturbing the UKV model by introducing small buoyancy fluctuations into the boundary
layer. The six cases investigated span a spectrum of convective regimes including quasi-equilibrium
and non-equilibrium environmental forcing.
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Convective quasi-equilibrium occurs when instability production in the atmosphere on synoptic
scales is approximately balanced by convection [67]. FRANC research showed that this type of
convection accounts for ∼85% of UK summer convection cases [68]*. Non-equilibrium convection
occurs when atmospheric instability is inhibited from release, and so instability continues to build until
the inhibiting factor (such as an inversion or “lid”) can be overcome (see Emanuel [69], Chapter 11.2,
for comparison between equilibrium and non-equilibrium and compare Figure 5a,b). To distinguish
between these regimes [70] made use of a convective adjustment timescale. It is defined as the ratio
of CAPE (Convective Available Potential Energy) to its rate of release by convection. A threshold
timescale of around 3 h is often used to distinguish between the regimes.
Figure 5. Example satellite images used for the convective regimes of (a) equilibrium and
(b) non-equilibrium convection (Courtesy Dundee Satellite Receiving Station, University of Dundee,
Scotland) and (c) the skillful scale vs. the domain-averaged convective adjustment timescale for cases
A–F defined in [66]*. The skillful scale and timescale are defined at 1500 UTC on the case day with the
exception of Fb for which it is defined as the average value after the front leaves the domain. 1500 UTC
is used as convection is well established for all of the cases at this time. The dashed line represents the
scale on which the perturbations are applied and the dot-dashed line represents the 3 h threshold used
to consider the likely placement of the cases in terms of the convective regimes.
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The cases considered by the FRANC project in [66]* include an equilibrium case (A),
two intermediate cases (B and C, closer to equilibrium and non-equilibrium, respectively),
a non-equilibrium case (D) and two cases driven by the lateral boundary conditions of the model (E and
F). Differences between the magnitudes of perturbation growth across ensemble members were found
to be modest across the various cases. However, differences are pronounced in terms of the spatial
scale at which ensemble pairs agree. Ensemble members are very dissimilar on the smallest scales in
the model, but come into agreement if evaluated at successively larger scales. This behavior can be
captured in terms of a skillful scale, as defined by [71,72]. Figure 5c compares the skillful scale with the
convective adjustment timescale for each case. It shows greater spatial predictability (i.e., the forecast
is more skillful on smaller scales) for cases C and D towards the non-equilibrium end of the spectrum
(i.e., longer timescales) compared to cases A and B nearer to equilibrium. Case E, despite the short
timescale, shows strong spatial agreement, which is likely a consequence of the prescribed boundary
conditions. Case F is marked by a clear distinction between the high spatial predictability of frontal
convection (Fa, early in the forecast) and the lower predictability of post-frontal showers (Fb).
Overall the results suggest that accurate small-scale information provided from the data
assimilation of high-quality observations will have most impact on rainfall forecasts for those cases
towards the non-equilibrium end of the spectrum, since such cases are better able to retain meaningful
forecast skill on smaller scales. Cases towards the equilibrium end of the spectrum would still be
expected to benefit, but in a more limited sense and perhaps over shorter lead times (as found by [73]).
An important caveat is that our investigations focused on stochastic changes to model physics and so
do not represent all forms of model uncertainty.
7. Operational Impact and Research Partnership
As we have seen in Sections 3–5, several of the new developments in the FRANC project
are already operational and providing significant positive impacts on the UK weather forecast,
or currently undergoing operational trials. In the preceding sections, we measured the benefits
using standard objective skill scores for NWP, including spatial verification measures for rainfall.
Since the overarching goal of our research programme is to improve flood forecasts, the next step is
to investigate the impact of improved meteorological forecasts on hydrologic and hydraulic flood
forecasts. However, we have found that there are some practical obstacles to running fully coupled
end-to-end hydrometeorological forecasts for case studies, including a lack of backward compatibility
of various software and observation systems. Furthermore, it is not yet clear which objective skill
metrics and approaches for floods will be useful in evaluating NWP forecasts.
The relatively fast operational implementation of the academic research has been facilitated by
the academic/operational partnership working on this project. The key aspects of this partnership
have included co-planning and co-creation of research using shared facilities. In particular, the UK
Natural Environment Research Council (NERC) funding the University contribution of the project
required the academic and operational teams to work together in writing the grant proposal. Thus,
University objectives became milestones in the integrated research plan of the Met Office, and vice
versa. To ensure that this partnership-working plan became reality, the NERC FFIR programme
executive board required us to (a) report on both University and Met Office aspects of the work during
the project and (b) have a programme coordination leadership team that was provided with funds for
programme integration and knowledge exchange activities. The Met Office made available significant
staff time, and provided desktop computers to University staff to allow them to securely access their
software, observations and supercomputing facilities on the same basis as Met Office staff. This gave
the University researchers the opportunity to flexibly move back and forth as needed between the
development of ideas using academic research techniques (such as experimental radar, idealized
models and assimilation systems, mathematical theory etc.) and applying them in the complex
operational systems. This has been particularly key for data assimilation research, where the need for
both complex operational software and observational databases often excludes immediately applicable
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research. Early career scientists have particularly benefited from learning about the constraints of
operations while carrying out publishable academic research.
8. Conclusions
The NERC Flooding from Intense Rainfall programme aims to reduce the risks of damage and
loss of life caused by surface water and flash floods through improved identification, characterisation
and prediction of interacting meteorological and hydrological processes that contribute to flooding
associated with high-intensity rainfall events. The FRANC project (Forecasting Rainfall exploiting new
data Assimilation techniques and Novel observations of Convection) has researched improvements in
NWP of convective heavy rainfall events via the reduction of initial condition uncertainty. Observations,
data assimilation and modelling have been carried out over the UK, but the methods and results are
widely applicable. The FRANC work has brought operational impacts in improved radar reflectivity
and refractivity observations and developed better data assimilation algorithms to maximize the value
of these (and other observations) in data assimilation and convection-permitting weather forecasts.
However, the sensitivity of a rainfall forecast to the initial data depends partly on the convective regime.
During our research, we found some practical obstacles to running fully coupled end-to-end
hydrometeorological forecasts for case studies, including a lack of backward compatibility of various
software and observation systems. Our recommendations arising from delivering the research in this
multi-institution, inter-disciplinary programme include:
• Research councils should fund more academic/operational partnerships with co-design of
proposals and co-creation of research
• There is a need for a better understanding and integrated use of objective skill measures that give
useful information about weather forecasts and their impact on flood forecasts
• There is a need for a stronger partnership between meteorology and hydrology including
“translation” of technical terms and operational system constraints.
The relatively short timescale between academic investigation and operational employment of the
new methods in NWP has been notable, and we anticipate that further research carried out in FRANC
will contribute to operational systems in the future.
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